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ABSTRACT Developments in transcriptomic technology and
the availability of whole-genome-level expression proﬁles
for many bacterial model organisms have accelerated the
assignment of gene function. However, the deluge of
transcriptomic data is making the analysis of gene expression
a challenging task for biologists. Online resources for global
bacterial gene expression analysis are not available for the
majority of published data sets, impeding access and hindering
data exploration. Here, we show the value of preexisting
transcriptomic data sets for hypothesis generation. We describe
the use of accessible online resources, such as SalComMac
and SalComRegulon, to visualize and analyze expression
proﬁles of coding genes and small RNAs. This approach arms
a new generation of “gene detectives” with powerful new
tools for understanding the transcriptional networks of
Salmonella, a bacterium that has become an important model
organism for the study of gene regulation. To demonstrate
the value of integrating diﬀerent online platforms, and to
show the simplicity of the approach, we used well-characterized
small RNAs that respond to envelope stress, oxidative stress,
osmotic stress, or iron limitation as examples. We hope
to provide impetus for the development of more online
resources to allow the scientiﬁc community to work
intuitively with transcriptomic data.
INTRODUCTION
Transcriptional proﬁling is a valuable part of the func-
tional genomics toolbox. Since the developments in
nanotechnology and imaging that led to the invention of
next-generation sequencing (1), study of the bacterial
transcriptome at the level of the individual nucleotide
has proved fruitful. Scientists are now generating in-
creasing amounts of transcriptomic data that need to be
managed, analyzed, and stored in an appropriate man-
ner (2). The current need for systematic and accessible
approaches for the analysis of gene expression has fo-
cused bioinformatic efforts into developing tools for
processing transcriptomic data.
Since the amount of transcriptomic data being gener-
ated is increasing exponentially, and already exceeds the
interpretive capacity of the human brain, we need to im-
prove the ways in which we interact with complex infor-
mation (3) and choose the best methods for data display
and interpretation. “Big data” visualization constitutes a
signiﬁcant challenge, as inappropriate approaches can
lead to conclusion bias and other errors (2, 4, 5).
In recent years, the molecular microbiological com-
munity has focused on approaches to simplify data
visualization and analysis. The creation of online re-
sources by some research labs has provided access to
large data sets. A good example is Listeriomics (https://
listeriomics.pasteur.fr), a user-friendly online platform
that includes curated genomic, transcriptomic, and pro-
teomic data sets generated from Listeria species (6).
Other valuable online resources include PneumoBrowse
(https://veeninglab.com/pneumobrowse) for the analysis
of the Streptococcus pneumoniae D39V genome (7) and
AcinetoCom (http://bioinf.gen.tcd.ie/acinetocom) for in-
vestigation of the primary transcriptome of Acineto-
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bacter baumannii ATCC 17978 (8). Researchers can
interrogate and explore the data in these online re-
sources in creative ways. However, other online data
repositories are less intuitive, and it can be difﬁcult
to access the transcriptomic data needed to make ap-
propriate biological conclusions. The lack of ongoing
technical support or suitable funding has led to the
demise of some online platforms, leading to valuable
resources becoming inaccessible to the wider scientiﬁc
community.
Here, we will discuss the challenges of visualizing
transcriptomic expression data and explain the role that
“gene detectives” can play in the interrogation of online
resources to develop hypotheses and answer biological
questions. We hope to inspire the reader to use online
resources to explore transcriptomic data sets.
ENVIRONMENTAL REGULATION OF GENE
EXPRESSION
Bacterial pathogens face intense competition in the mi-
crobial world. Enterobacterial species that inhabit the
gastrointestinal tract have evolved the ability to sense the
environment and to use physicochemical information to
control gene expression. Environmental modulation of
gene expression enables the bacterium to express “the
right gene in the right place at the right time,” a pre-
requisite for ﬁtness (9). John Mekalanos commented in
1992 that to understand how bacterial virulence genes
are regulated we must ﬁrst understand when and where
the genes are expressed (10).
Transcriptional gene fusions were an invaluable
tool in the early days of molecular microbiology, but
only allowed the examination of individual genes (11).
Soon after the ﬁrst bacterial genomes were published,
it became possible to monitor the expression of all
genes in a single experiment. In subsequent years, these
transcriptome-based approaches (Fig. 1) have evolved





The transcriptomic revolution began with the advent of
microarrays in the late 1990s, which involved the hy-
bridization of target bacterial mRNA transcripts to
speciﬁc DNA probes (12). DNA microarray technol-
ogy was developed in the late 1990s by Pat Brown
and Joe DeRisi at Stanford University, making it possible
to proﬁle the expression of all genes in a single experi-
ment (12, 13). Microarrays became a popular high-
throughput tool for studying functional transcriptomics
in bacteria. A PubMed (https://www.ncbi.nlm.nih.gov
/pubmed) search of the term “bacteria microarray”
shows that the number of publications using microarray
technology peaked in 2012 with 918 hits, followed by a
slow decline in subsequent years.
Microarrays have been largely superseded by high-
throughput RNA sequencing (RNA-seq), which was
developed in 2008 (14). RNA-seq allows the visualiza-
tion of every bacterial transcript at the nucleotide level
and can provide accurate differential gene expression
data from whole-genome transcriptomic analyses. To
generate RNA-seq sequence reads, bacteria are grown
under deﬁned conditions, and RNA is extracted and
then reverse-transcribed to cDNA before high-through-
put sequencing (15, 16). Levels of gene expression are
assessed by quantifying the RNA-seq reads that map to
annotated coding or noncoding genes (tRNA, rRNA,
transfer messenger RNA [tmRNA], small RNA [sRNA],
etc.). Importantly, RNA-seq allows the identiﬁcation of
elements such as promoters and gene boundaries and the
discovery of regulatory RNA species, such as sRNAs
and antisense RNAs (17). RNA-seq is now an es-
tablished technique that can be performed in many se-
quencing centers worldwide, making it relatively easy to
generate transcriptomic data.
RNA-seq has stimulated functional transcriptomic
research by enabling a plethora of innovative technolo-
gies that have broadened the number of biological
FIGURE 1 Bacterial functional transcriptomics is facilitated by RNA-seq technology. The
development of RNA-seq has expanded the range of transcriptome-based techniques
that address a variety of biological questions. DROP-seq, RNA-seq of single cells com-
partmentalized in a droplet; scRNA, single-cell RNA-seq; dRNA-seq, diﬀerential RNA-seq;
Term-seq, global mapping of 3′ ends of transcripts; ChIP-seq, chromatin immunopre-
cipitation followed by sequencing; RIP-seq, native RNA immunoprecipitation followed by
RNA-seq; GRAD-seq, gradient proﬁling by RNA-seq; TraDIS, transposon-directed inser-
tion site sequencing; Tn-seq, transposon sequencing. See reference 20 for more details
of these techniques. Image by Eliza Wolfson (https://lizawolfson.co.uk) is used under the
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questions that can be addressed (18; Fig. 1). These tech-
nologies have been the subject of two excellent reviews
(15, 19).
THE CHALLENGE OF ACCESSING AND
UNDERSTANDING TRANSCRIPTOMIC DATA
Powerful software tools have been developed for the
analysis of RNA-seq-based transcriptomic data (20).
These approaches are excellent for the generation of lists
of differentially expressed genes that meet certain sta-
tistical criteria. However, a key barrier to understanding
gene expression proﬁles at a global level has been the
huge tab-delimited spreadsheets that can languish un-
touched in the Supplementary Data section of journals.
The Gene Expression Omnibus (GEO; www.ncbi
.nlm.nih.gov/geo) and the EBI ArrayExpress (www.ebi
.ac.uk/arrayexpress) are curated public repositories of
transcriptomic data from all organisms, including results
from microarray and RNA-seq experiments. Although
the idea of sharing produced expression data in a public
repository has been a positive step forward, GEO is not
intuitive to use and data mining can be a challenge.
Bioinformatic expertise is too often required to examine
and interpret complex data sets or even to successfully
download and interpret a transcriptomic experiment
from a public repository.
Individual RNA-seq experiments are generally plan-
ned with a particular hypothesis in mind, but the entirety
of the data collected can subsequently be mined or re-
interpreted by the wider community to answer new re-
search questions. It is time to rethink the way in which
the worldwide microbiological community manages and
accesses our data sets.
IMPROVING THE SHARING AND
VISUALIZATION OF BACTERIAL
TRANSCRIPTOMIC DATA
To facilitate collaborative analysis, online resources are
needed to put global expression data into the hands of
biologists. Many RNA-seq-based transcriptomic data
sets have now been generated for a range of microbial
model systems including yeasts, Synechocystis, Bacillus,
Escherichia coli, Pseudomonas aeruginosa, Listeria, and
Salmonella enterica (21). Depending on the RNA-seq-
based experimental approach, different features can be
visualized. These include strand-speciﬁc information for
the correct annotation of coding sequences, and the
identiﬁcation of transcriptional start sites (TSSs) and 3′
ends (22, 23). To extract accurate differential gene ex-
pression values, it is important to normalize RNA-seq
data, and several algorithms are available for this pur-
pose (20). Ideally, statistically signiﬁcant changes at the
transcriptional level are generated from biological rep-
licates, allowing mechanistic deductions to be made.
However, the number of online resources or plat-
forms that are available to analyze bacterial expression
data does not reﬂect the amount of published experi-
ments. Of the gene expression data sets that can cur-
rently be browsed interactively, many are presented in a
way that is not informative, perhaps reﬂecting the fact
that creating, curating, and maintaining online
platforms for expression data analysis is a signiﬁcant
effort. Good examples are provided by other research
areas that have extremely large data sets, such as the
human online resource for transcriptomic analysis, the
Genotype-Tissue Expression (GTEx) project (24), which
allows intuitive exploration of a variety of features.
The intelligent use of online resources for transcrip-
tomic data analysis can allow gene expression proﬁles to
be used to identify important environmental responses
that could otherwise be overlooked. For example,
transcriptomic information for 1,292 E. coli microarray
experiments can be visualized in the GenExpDB (E. coli
Gene Expression Database; https://genexpdb.okstate
.edu), developed by Joe Grissom and Tyrrell Conway.
TOWARD A GLOBAL UNDERSTANDING
OF SALMONELLA TRANSCRIPTIONAL
REGULATION
The analysis and reconstruction of genome-scale tran-
scriptional regulatory networks represents the next
frontier in microbial bioinformatics (25), and requires
information about the expression of every transcript and
the regulatory inputs for every promoter. This chal-
lenging aim involves the combination of “-omics” data,
including transcriptomic information and a range of
chromatin immunoprecipitation (ChIP)-based strategies.
Using methods detailed in Fig. 1, binding sites for key
regulatory proteins can be identiﬁed, and an apprecia-
tion of the role of every RNA-binding protein may also
be involved. A range of ChIP studies have already been
conducted, focused on proteins like H-NS, as well as
regulatory factors that control Salmonella pathogenicity
island 1 and 2 (SPI1 and SPI2) (26–28).
An overarching analytical approach is needed to in-
tegrate different types of transcriptional regulatory data
together into a single transcriptional network (25). This
necessitates an intense bioinformatic effort, which is al-
ready being addressed by a few laboratories across the
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world (20). Speciﬁcally, network inference-based bio-
informatic approaches have been used to study tran-
scriptional networks and shed light upon Salmonella
gene function (29–31), and the SalmoNet network,
which integrates metabolic, transcriptional, and protein-
protein interaction data, is now available (32). The end
result of this long-term, systems-level approach will be a
genome-scale regulatory network that will be a signiﬁ-
cant challenge to visualize effectively (3).
It will be some time before we have a comprehensive
transcriptional network that reveals the entire regula-
tory complexity of Salmonella. However, an alternative
strategy can already be used to gain insights to the
transcriptional world of Salmonella. This intuitive ap-
proach relies on the ability of the human brain to ﬁnd
patterns within complex data sets (33), coupled with the
prior knowledge of molecular microbiologists.
DETECTIVE WORK: INFERRING sRNA
FUNCTION FROM GENE EXPRESSION DATA
The development of RNA-seq technology has led to the
identiﬁcation of sRNAs at a global level in many bac-
terial species (34). The characteristic expression proﬁles
of individual sRNAs (35) allow an understanding of the
environmental stresses that modulate sRNA expression
to provide functional insights. For S. enterica serovar
Typhimurium, transcriptional signatures can be visu-
alized in the SalComMac compendium (http://tinyurl.
com/SalComMac), which shows the expression of all
coding genes and sRNAs in 21 environmental conditions
(35, 36). To investigate the impact of infection-relevant
environmental stress upon the Salmonella transcrip-
tional network, we devised a suite of in vitro conditions
that reﬂect particular aspects of the infection process.
The conditions include exposing the bacteria to oxida-
tive stress, osmotic shock, acid shock, anaerobic shock,
and a low-iron environment (36), plus growth of S.
Typhimurium within mammalian macrophages (35).
The SalComMac data show that the level of ex-
pression of the majority of coding genes and sRNAs is
environmentally regulated. Genes that encode key Sal-
monella virulence systems have characteristic transcrip-
tional signatures that we have reported previously (35,
36). For example, coding genes that encode both the
structural subunits and the associated effector proteins
of the SPI1 type III secretion system show an “SPI1-like”
pattern of expression, focused on early stationary phase
in rich media. In parallel, we reported a distinct “SPI2-
like” transcriptional signature in deﬁned acidic, low-
phosphate media (35). More recently, we identiﬁed 13
S. Typhimurium sRNAs with either an SPI1-like or
SPI2-like expression proﬁle (37).
The SalComMac resource reveals changes in the ex-
pression of individual sRNAs by particular environ-
mental stressors, and can be used to visualize the global
sRNA expression landscape. This approach can gener-
ate hypotheses about gene function for experimental
investigation. To demonstrate how transcriptomic data
can be used to investigate sRNA function, we have
explored the expression proﬁles of 14 well-characterized
sRNAs using two data repositories that are currently
available for S. Typhimurium.
USING ONLINE RESOURCES TO DETERMINE
S. TYPHIMURIUM sRNA FUNCTION
The availability of comprehensive RNA-seq data sets,
coupled with the work of many outstanding geneticists
and RNA biologists, has made S. enterica a model or-
ganism for the study of RNA-mediated regulation. The
pathogen S. Typhimurium is responsible for hundreds of
thousands of deaths each year, largely caused by sys-
temic infections (38). RNA-seq-based transcriptomics
involving in vitro infection-relevant growth conditions
have identiﬁed characteristic transcriptional signatures
(35). To determine whether in vitro transcriptional pat-
terns are relevant to intracellular infection, bacterial
RNA has been isolated from murine macrophages in-
fected with S. Typhimurium and used for RNA-seq and
functional transcriptomic analysis (36). These data al-
low the transcriptional differences observed under in
vitro conditions to be related to the infection of mam-
malian cells.
One way to address gene function is to integrate
transcriptomic data with global transposon mutagenesis
of bacterial pathogens during infection, a concept that
has been discussed previously (39). These types of ex-
periments can answer the crucial question: Are these
transcripts biologically relevant? (Fig. 1).
As well as investigating the effect of environmental
stress upon Salmonella gene expression, we also studied
the impact of 18 regulatory proteins upon expression
of all coding genes and sRNAs. These data are available
in a separate online resource, SalComRegulon (http://
tinyurl.com/SalComRegulon), that presents transcrip-
tomic data for a selection of mutants that lack tran-
scriptional activators, repressors, sigma factors, and the
Hfq RNA chaperone, reﬂecting both direct and indirect
regulatory effects (37).
Following “traditional” data analysis, heat maps of
unﬁltered gene lists can be a valuable tool for subsequent
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transcriptomic data exploration. Figures 2, 3, and 4
show the impact of 21 environmental conditions and key
regulatory factors upon the expression of three groups of
sRNAs. In each of these three ﬁgures, panel A shows the
“absolute” level of expression of each gene, in TPM
(transcripts per million) units, which have been deﬁned
elsewhere (36). A TPM value of <10 indicates that a
particular gene is not expressed, and the color scale
(yellow through orange to red) indicates the level of
expression. Panel B shows the “relative” level of ex-
pression between a stress environment and a control
culture. The use of relative values allows the effect of
environmental stress upon gene expression to be visu-
alized as distinct colored patterns. Panel C also uses a
“relative” approach that highlights differences in gene
expression between wild-type and mutant bacteria cul-
tivated in particular growth conditions.
Figure 2 shows sRNAs that respond to low iron levels
or oxidative stress. OxyS was one of the ﬁrst sRNAs
found to be environmentally regulated (40), being in-
duced by almost 300-fold upon exposure to hydrogen
peroxide (peroxide) (Fig. 2B). RyhB is a key iron-regu-
lated sRNA, described in reference 41. S. Typhimurium
carries two RyhB paralogs called RyhB-1 and RyhB-2
(42). The RyhB-1 sRNA shares extensive sequence
similarity to the E. coli RyhB ortholog, and has been
reported to be highly induced by iron starvation,
upregulated by peroxide, and activated by OxyR (43,
44). Consistent with this, the SalComMac data show
that RyhB-1 is induced by 165-fold in the low-iron en-
vironment and upregulated by 700-fold in response to
peroxide. In contrast, the RyhB-2 paralog, which is more
distantly related to E. coli RyhB, is only upregulated by
30-fold in the low-iron environment and is peroxide-
induced at a lower level than RyhB-1. These ﬁndings are
consistent with the literature (see reference 41). Figure
2B shows that the levels of expression of RyhB-1 and
RyhB-2 also increase in response to treatment with nitric
oxide and bile and during the infection of macrophages
(Fig. 2B). These new ﬁndings could be worthy of study in
the future.
STnc3080 is an S. Typhimurium sRNA that has pre-
viously been shown to be upregulated in a low-iron
environment (36), and here we observe that STnc3080
is induced by peroxide (Fig. 2B). The impact of vari-
ous regulatory factors upon the expression of OxyS,
RyhB-1, RyhB-2, and STnc3080 is apparent (Fig. 2C).
The most signiﬁcant regulatory input appears to be the
action of Fur to repress expression of the three iron-
responsive sRNAs. The E. coli RyhB has previously
been shown to be Fur repressed (45), and this is the ﬁrst
time that a role for Fur in the expression of STnc3080
has been suggested. Expression of both RyhB-1 and
RyhB-2 is reduced in the absence of RpoS, suggesting
that the σ38 sigma factor could activate expression of the
two paralogs.
Figure 3 focuses on the expression of four sRNAs
involved in the envelope stress response, namely RybB,
RyeF, MicA, and RprA. Figure 3A shows that three of
the four sRNAs are expressed in all environmental
conditions, at relatively high levels. In contrast, RyeF is
only expressed in 4 of the 21 conditions at medium to
high levels. Figure 3B shows that three of the sRNAs are
induced in a low-magnesium environment, a condition
known to induce bacterial envelope stress (46). It is
likely that the upregulation of the same three sRNAs
during macrophage infection also reﬂects an envelope
stress response. Two of the envelope stress-associated
sRNAs were osmoinducible, with MicA and RprA
showing between 15- and 21-fold upregulation follow-
ing a 10-min exposure to 0.3 M NaCl. The RyeF (MicL)
and MicA sRNAs were signiﬁcantly upregulated fol-
lowing cold shock at 15°C, which, to our knowledge,
has not been reported previously.
FIGURE 2 Environmental and genetic regulation of four sRNAs that are iron responsive
and/or induced by oxidative stress. Gene expression data are presented for the sRNAs
OxyS, RyhB-1, RyhB-2, and STnc3080 (these data can be visualized online at https://
tinyurl.com/ya7s466m and https://tinyurl.com/yb5wz7dt). Data are shown as diﬀerential
expression proﬁles involving six discrete heat-map blocks, each block being normalized to
the condition on the left-hand side. The heat maps show diﬀerential expression, a strategy
that lacks accuracy when expression levels are extremely low. Absolute (A) and relative
(B) expression levels of S. Typhimurium grown under 21 diﬀerent conditions (SalComMac).
(C) Relative expression levels of the wild-type (WT) and mutant S. Typhimurium 4/74
grown under diﬀerent conditions (SalComRegulon). Before experimental validation is
considered, it should be ensured that the levels of absolute expression of particular sRNAs
are above the expression threshold of 10 TPM units (35–37). EEP, early exponential phase;
MEP, mid-exponential phase; LEP, late exponential phase; ESP, early stationary phase; LSP,
late stationary phase; InSPI2, SPI2-inducing minimal media.
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FIGURE 3 Environmental and genetic regulation of four sRNAs involved in the envelope stress response. Gene expression data
are shown for the sRNAs RybB, RyeF, MicA, and RprA (these data can be visualized online at https://tinyurl.com/y9mskb6j and
https://tinyurl.com/ybnr6jja). Panels A, B, and C are as described in the legend to Fig. 2.
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FIGURE 4 Environmental and genetic regulation of six sRNAs that respond to oxygen or osmolarity. Gene expression data are
shown for the sRNAs FnrS, MicA, SraL, MntS (RybA), STnc1330, and STnc4260 (these data can be visualized online at https://
tinyurl.com/yat8qrql and https://tinyurl.com/y8f533gy). Panels A, B, and C are as described in the legend to Fig. 2.
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In terms of transcriptional inputs, the SalCom
Regulon data suggest that RybB, RyeF, and MicA are
activated by RpoE and are repressed by Fur (Fig. 3C).
Activation of MicA and RyeF (MicL) by RpoE is con-
sistent with the literature (46, 47). The data summarized
in Fig. 3C raise the possibility of cross talk between
PhoPQ/OmpR-EnvZ and MicA, and it is noteworthy
that the phoP gene is a conﬁrmed target of MicA (48).
Figure 4 presents the expression proﬁles of six sRNAs
that respond to oxygen or osmolarity. MicA is included
in both Fig. 3 and 4 for comparative purposes. Two of
the sRNAs, MicA and MntS (RybA), are expressed at
medium to high levels in all environmental conditions. In
contrast, FnrS is only upregulated under conditions of
oxygen limitation. MicA and SraL also show a low level
of upregulation under anaerobic conditions. Four of the
sRNAs are osmoregulated, showing between 12- and
37-fold induction following a 10-min exposure to 0.3 M
NaCl (Fig. 4B). As well as being osmoregulated, MntS is
induced by cold shock and by pH 3 shock, which could
have implications for manganese homeostasis (49).
The SraL sRNA is conserved in many enteric bacteria
and is upregulated when S. Typhimurium is grown un-
der conditions that induce expression of the SPI2 path-
ogenicity island (50). As well as visualizing this ﬁnding,
Fig. 4B shows that SraL is both osmoregulated and in-
duced under anaerobic conditions. Because SraL has not
been studied extensively in Salmonella, SalComRegulon
adds a useful perspective (Fig. 4C). The data suggest that
RpoS, PhoPQ, and OmpR-EnvZ activate SraL, ideas
that need to be tested experimentally. In contrast, MntS
shows a distinct pattern of expression and does not ap-
pear to be RpoE dependent. The Hfq chaperone does not
bind to the MntS transcript (51), and so is unlikely to
play a stabilizing role.
Figure 4 also shows the expression proﬁles of
two uncharacterized S. Typhimurium sRNAs that are
highly osmoregulated (STnc1330 and STnc4260). The
SalComRegulon data suggest that STnc1330 has an
RpoS-activated, PhoPQ-activated pattern of expression
(Fig. 4C). Taken together, the panels of Fig. 4 show that
sRNAs that respond to osmolarity and/or anaerobic
growth are controlled by a variety of transcriptional
inputs.
As well as facilitating data visualization as heat maps,
SalComMac and SalComRegulon can also show RNA-
seq sequence reads in a genomic context. This feature
can be accessed via the “view in JBrowse” option on the
SalComMac and SalComRegulon Web pages, which is
located between the Absolute and Relative gene ex-
pression panels.
JBrowse is an open-source, JavaScript-based genome
browser that is fast and zoomable, ideal for the analysis
of multiple sets of mapped transcriptomic sequence
reads (52, 53). The JBrowse feature of SalComMac and
SalComRegulon allows transcripts of interest to be seen
in the context of neighboring genes and TSSs. For ex-
ample, the transcript of STnc1330, an S. Typhimurium
141-nucleotide sRNA (54), can be seen in the context of
neighboring TSSs. Figure 5 shows the appearance of the
STnc1330 transcript during growth in different envi-
ronmental conditions; STnc1330 is expressed at low
levels during growth at mid-exponential phase, and is
highly abundant following osmotic or anaerobic shock
(Fig. 5A). STnc1330 is also expressed in SPI2-inducing
minimal media and at increased levels under magnesium
limitation (Fig. 5B). The impact of regulatory factors is
apparent in Fig. 5C and D, which show that PhoPQ and
RpoS are required for expression.
THE USE OF EXPRESSION DATA TO INFER
REGULATORY INTERACTIONS REQUIRES
CAUTION!
Genome-scale expression data always have caveats. It
should be noted that monitoring the levels of individual
mRNAs and sRNAs by conventional transcriptomics
shows the average expression proﬁles in a large popu-
lation of bacteria. Furthermore, the expression level
of an individual transcript represents a combination of
the positive impact of transcriptional initiation and
elongation versus the negative effect of RNA decay.
Consequently, the stability of individual transcripts can
inﬂuence global gene expression levels.
Some of the transcriptomic data shown in SalComMac
and SalComRegulon are based on RNA harvested be-
tween 10 and 30min after an environmental perturbation
(36). As environmental shocks were studied at a single
time point, and individual stressors are just used at one
concentration, these experimental conditions can differ
from those used in other publications. Some coding genes
and sRNAs may not show the “expected” patterns of
expression. Despite these caveats, the expression of most
well-known genes in SalComMac and SalComRegulon is
consistent with the literature (36).
CONCLUSIONS AND FUTURE DIRECTIONS
We have come a long way since the ﬁrst bacterial trans-
criptomic experiment was reported (12). Nowadays,
many laboratories are generating informative RNA-seq
data, but key interpretive challenges remain to be solved.
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Making the microbiology community’s valuable gene
expression data available for intuitive interrogation by
current and future generations of microbiologists must
be a priority. Currently, a variety of online resources are
available for a small selection of model organisms. We
need to improve and optimize these resources to ensure
that the availability of crucial data sets will be main-
tained in the future, and not depend exclusively on
particular scientists or laboratories.
Transcriptomic experiments can yield surprising bi-
ological insights. Recently, we showed that in African
S. Typhimurium ST313, one nucleotide change was
responsible for the upregulation of the pgtE transcript
and the PgtE protein. This single regulatory difference
accounted for the ability of the African Salmonella to
resist killing by human serum (55), a discovery that
was made by the comparison of transcriptomes of two
pathovariants of S. Typhimurium.
For the future, a new era of comparative transcrip-
tomics will necessitate moving beyond the analysis of
individual bacterial strains. To understand key host-
speciﬁcity phenotypes, the comparative transcriptomic
analysis of closely related bacterial pathogens that have
different lifestyles will be necessary. The continued de-
velopment of tools to visualize and interrogate gene
expression data will further our understanding of bac-
terial functional transcriptomics and, hopefully, inspire
a new generation of gene detectives.
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FIGURE 5 Visualization of the STnc1330 sRNA transcript. RNA-seq reads are mapped to
the S. Typhimurium 4/74 genome (plus strand), showing STnc1330 expression under
diﬀerent conditions (35, 37). (A) MEP, anaerobic shock, and NaCl shock (https://tinyurl.
com/STnc1330-NaCl); (B) InSPI2 and InSPI2 low Mg2+ (https://tinyurl.com/STnc1330-
LowMg); (C) WT InSPI2 versus ΔphoPQ (https://tinyurl.com/STnc1330-PhoPQ); (D) WT
LSP versus ΔrpoS (https://tinyurl.com/STnc1330-RpoS). Height of colored tracks
represents the normalized sequencing reads at that locus (scale, 0 to 100). All arrows
indicate the direction of transcription; TSSs are indicated by bent arrows and predicted
Rho (ρ)-independent terminators are denoted by stem-loop structures.
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